Distantly supervised relation extraction, which can automatically generate training data by aligning facts in the existing knowledge bases to text, has gained much attention. Previous work used conjunction features with coarse entity types consisting of only four types to train their models. Entity types are important indicators for a specific relation, for example, if the types of two entities are "PERSON" and "FILM" respectively, then there is more likely a "DirectorOf" relation between the two entities. However, the coarse entity types are not sufficient to capture the constraints of a relation between entities. In this paper, we propose a novel method to explore fine-grained entity type constraints, and we study a series of methods to integrate the constraints with the relation extracting model. Experimental results show that our methods achieve better precision/recall curves in sentential extraction with smoother curves in aggregated extraction which mean more stable models.
Introduction
Relation Extraction is the task of extracting semantic relations between a pair of entities from sentences containing them. It can potentially benefit many applications, such as knowledge base construction, question answering (Ravichandran and Hovy, 2002) , textual entailment (Szpektor et al., 2005) , etc. Traditional supervised approaches for relation extraction (Zhou et al., 2005) (Zhou et al., 2007) need to manually label training data, which is expensive and limits the ability to scale up. Due to the shortcoming of supervised approaches mentioned above, recently, a more promising approach named distantly supervised relation extraction (or distant supervision for relation extraction) (Mintz et al., 2009 ) has become popular. Instead of manual labeling, it automatically generates training data by aligning facts in existing knowledge bases to text.
However, the paradigm of distant supervision also causes new problems of noisy training data both in positive training instances and negative training instances. To overcome the false positive problem caused by the distant supervision assumption, researches in (Riedel et al., 2010) (Hoffmann et al., 2011) (Surdeanu et al., 2012) proposed multi-instance models to model noisy positive training data, where they assumed that at least one sentence in those containing an entity pair is truly positive. Takamatsu et al. (Takamatsu et al., 2012) claimed that the at-least-one assumption in multi-instance models would fail when there was only one sentence containing both entities. They proposed a method to learn and filter noisy pattern features from training instances to overcome the false positive problem. Researchers (Xu et al., 2013) (Zhang et al., 2013) (Ritter and Etzioni, 2013) tried to address the problem of false negative training data caused by the incomplete knowledge base. Xu el al. (Xu et al., 2013) used the pseudorelevance feedback method trying to find out the false negative instances and add them into positive training instances. Zhang et al. (Zhang et al., 2013) employed some rules to select negative training instances carefully, hoping not to include the false negative instances. And Ritter et al. (Ritter and Etzioni, 2013) used hidden variables to model the missing data in databases based on a graphical model. The training data generation process for all the above work is under the framework of (Mintz et al., 2009 ), one important step of which is to recognize entity mentions from text and assign them entity types which are used to compose features for training the model. The entity types they used are very coarse only consisting of four categories (PERSON, ORGANIZATION, LOCATION, NONE) . We argue that the coarse entity types are not sufficient to indicate relations.
A specific relation constrains the entity types of its two entities. For instance, the SingerOf relation limits the entity type of its first entity as PERSON or more fine-grained ARTIST, and the entity type of its second entity as ART or more fine-grained MUSIC. Therefore, when extracting a relation instance, the entity types of its two entities are important indicators for a specific relation. Previous work used conjunction features (Details in Section 3.3) by combining the coarse entity types of entity mentions with its contextual lexical and syntactic features. However, the conjunction features may fail to distinguish the relations. For example, the following two sentences contain two relation instances, one is DirectorOf(Ang Lee, Life of Pi), and the other is AuthorOf(George R.R. Martin, A Song of Ice and Fire). Only using the above conjunction features, we cannot tell the difference between the two entity pairs, and are probable to incorrectly classify them as the same relation. By contrast, if we can assign each entity with fine-grained entity types, for example, Ang Lee as the entity type ARTIST and George R.R. Martin as AUTHOR, we may succeed in classifying the two entity pairs correctly.
To achieve the goal mentioned above, there are mainly three challenges: (1) how to define the finegrained type set; (2) how to assign the types to entity mentions; (3) how to integrate the fine-grained entity type constraints with the relation extracting model. To address these challenges, in this paper, we propose a novel approach to explore the fine-grained entity type constraints for distantly supervised relation extraction. First, we use the types defined in (Ling and Weld, 2012) stemmed from Freebase 1 as the fine-grained entity type set (introduced in Section 3.1). Second, we leverage Web knowledge to train a fine-grained entity type classifier and predict entity types for each entity mention. Third, we study several methods to integrate the type constraints with an existing system MULTIR, a multi-instance multi-label model in (Hoffmann et al., 2011) , to train the extractor.
In summary, the contribution of this paper can be concluded as follows.
(a) We explore the effect of fine-grained entity type constraints on distantly supervised relation extraction. A novel method is proposed to leverage Web knowledge to automatically train a fine-grained entity type classifier, which is used to predict the fine-grained types of each entity mention.
(b) We study a series of methods for integrating the fine-grained entity type constraints with the extracting model and compare their performance with different parameter settings.
(c) We conduct experiments to demonstrate the effects of the newly exploited fine-grained entity type constraints. It shows that our method achieves a much better precision/recall curves over the baseline system in sentential extraction, and improves the performance with a smoother precision/recall curve in aggregated extraction, which means a more stable model.
Distant Supervision for Relation Extraction
We define a relation instance (or a fact), which means a binary relation, as r(e 1 , e 2 ). r is the relation, and e 1 and e 2 mean the two entities in the relation instance, for example, BornIn(Y ao M ing, Shanghai). Distant supervision supplies a method to automatically generate training data. In this part, we will introduce the general steps in distant supervision for relation extraction. First, we define the notations we use. Σ denotes sentences comprising the corpus, E denotes entity mentions in the corpus which are consecutive words with the same named entity tags assigned by an NER system, ∆ denotes the facts (or relation instances) in the existing knowledge base. R denotes the relations in ∆. To generate training data, we align pairs of entity mentions in the same sentence with ∆. The aligned entity mentions E train and their sentences Σ train along with R train are used as training data. Features are extracted from them to train the relation extracting model.
To predict the unknown data for extracting new relation instances, we input pairs of entity mentions E predict and the sentences containing them Σ preidct into the trained extracting model for extracting new relation instances.
Fine-grained Entity Type Constraints
Entity mentions in sentences are considered consecutive words with the same entity types (Section 2). The entity types are part of the lexical and syntactic features (Mintz et al., 2009) , and the feature setting is followed by other related work. Their entity types are assigned by an NER system and consist of four categories (PERSON, ORGANIZATION, LOCATION, NONE). The types of entity mentions in a relation are important indicators for the very type of relation. However, the coarse (only four types) entity types may not capture sufficient constraints to distinguish a relation. In this section, we explore fine-grained entity type constraints and study different methods to integrate them with the extracting model.
This section first introduces the fine-grained entity type set(Section 3.1), and then describes our method which leverages Web knowledge to train the fine grained entity type classifier and assign entity mentions with the fine-grained entity types (Section 3.2). At last, we illustrate methods to integrate fine-grained entity type constraints with the relation extracting model. Figure 1 is the type set we use. It was introduced in (Ling and Weld, 2012) and was derived from Freebase types. The bold types in each small box of Figure 1 are upper-class types for others in that small box. For example, /actor is a lower-class type of /person which is denoted as /person/actor. And /person and /person/actor coexist in the type set.
Fine-grained Entity Types

Fine-grained Entity Type Classifier
In this section, we describe our method that leverages Web knowledge to train a fine-grained entity type classifier and predict entity types of each entity mention. Its architecture is shown in Figure 2 .
Training
The training data are obtained from Wikipedia. Because the defined fine-grained types are tailored based on Freebase types, we can find the mappings between the two type sets, for example, /person/doctor maps to two Freebase types /medicine/physician and /medicine/surgeon. And Freebase WEX 2 supplies a mapping between Freebase types to Wikipedia articles. As a result, we can map Wikipedia articles to defined fine-grained types.
Based on the mappings, we obtain Wikipedia articles for each type as training data and negative training examples are sampled from articles not contained in the mappings. We preprocess the articles by: stop words filtering, stemming, and term frequency filtering and use a maxent model to train the classifier.
Predicting
To predict types of each entity mention, we first use search engines to expand entity mentions. Specifically, each entity mention is used as a query sent to the search engine 3 . Titles and descriptions of top k returned snippets are selected (We keep the top 20 in the experiments). The obtained text are preprocessed with the same method as training examples. Then we use the trained fine-grained entity type classifier to predict the types of each entity mention.
After predicting, we obtain a ranked list of types for each entity mention, which are ranked by the predicting scores.
Integrating Fine-grained Entity Type Constraints into the Extracting Model
This section introduces our methods to integrate the fine-grained entity type constraints with the extracting model. First of all, we briefly review the features used in previous models which derived from (Mintz et al., 2009 ) and (Riedel et al., 2010) . Their features mainly comprise two types: lexical features (POS tags, words and entity types) and syntactic features (dependency parsing tags, words and entity types). Each feature is a conjunction with several parts: entity types of two entity mentions, the left context window of the first entity mention, the right context window of the second entity mention and the part between them (the window contains none or one or two words ). Table 1 shows an example of the conjunction features.
To integrate the exploited fine-grained entity type constraints with the extracting model, we proposed three methods (substitution, augment and selection) to make the type constraints take effects.
Substitution Method
In this method, we substitute coarse entity types of the features with the entity mentions' fine-grained types, and use the new features to train the model. Instead of substituting directly, an entity mention is first represented by its fine-grained types and the upper-class of the fine-grained type, for example, /person/politician derives two types /person and /person/politician itself. The reason is that the extracting model can benefit from the related types like the upper-class types. And then we use the obtained entity types to substitute the old coarse entity types as new features greedily, which means that all the possible combinations of types between the entity pair are considered. For example, "Barack Obama" has the fine-grained type /person/politician and his birth place "Hawaii" has the type /location/island, then there are 4 combinations between the two entities, they are (/person, /location), (/person, /location/island), (/person/politician, /location) and (/person/politician, /location).
Augment Method
In this method, we generate new features by substituting the coarse entity types with predicted finegrained types, and expand the old features with new features. Different from the substitution method, we do not add the upper-class types, for that we think the coarse types in old features have the same effect. In this method, we use the fine-grained constraints as a complementary.
Selection Method
The selection method is similar to the augment method. The difference is that we do not expand all old features with new features. We select some of them to expand. The reason is that some of the conjunction features are of high-precision themselves, it can clearly indicate the relations with its left, middle and right parts, even without the entity types (informative ones). If we expand these features, it may cause more noisy features. So we expect to only expand the ones that lack of the indicating abilities (non-informative ones). In this paper, we employ a simple method to distinguish between the informative ones and non-informative ones by the length of the features, which means that the longer is more informative than the shorter. In our experiments, the length threshold is set as 20.
In the predicting phase (Section 3.2), we obtain a ranked type list for each entity mention. The top list types are considered in our methods. Experiments in Section 4.3 are conducted on top k {k ∈ 1, 2, 3} type/types in the obtained ranked list. And they are combined with a greedy method similar to that in the substitution method explained above.
Experiments
Settings
We use the same data sets as (Riedel et al., 2010) and (Hoffmann et al., 2011) , where NYTimes sentences in the years 2005-2006 are used as training corpus Σ train for distant supervision and sentences in 2007 are used as testing corpus Σ predict . The data was first tagged with an NER system (Finkel et al., 2005) and consecutive words with the same tag are extracted as entity mentions. And then, entity mentions E train in training corpus are aligned to facts ∆ in Freebase as training examples to train the models.
We integrate our fine-grained entity type constraint with MULTIR, an existing multi-instance multilabel extracting model in (Hoffmann et al., 2011) . Following their setttings, we conduct experiments on aggregated extraction and sentential extraction to show the effect of fine-grained entity type constraints.
• Aggregated extraction: Aggregated extraction is corpus-level extraction. When given an entity pair, it predicts its relation types based on the whole corpus. After extraction, the precision and recall are computed by comparing the results with facts in Freebase. The evaluation underestimates the accuracy because there may be correct facts in the extracted results but not existing in Freebase, these facts are labeled as incorrect by mistake here. Because aggregated extraction is an automatic evaluation, it is used to tune parameters like held-out evaluation in (Mintz et al., 2009 ). • Sentential extraction: Sentential extraction predicts an entity pair only based on a specified sentence containing the pair of entities. We use manually labeled data in (Hoffmann et al., 2011) as benchmark. The data consist of 1,000 sentences and are sampled from the results their system outputs and sentences aligned with facts in Freebase. As they stated in their paper, these results provide a good approximation to the true precision but can overestimate the actual recall.
Experimental Results
In aggregated extraction, we first evaluate the three type-constraint integration methods (substitution, augment and selection) with the top k {k ∈ 1, 2, 3} type/types (Section 3.3). And then, we compare the best parameter setting methods with previous work. In sentential extraction, we compare methods tuned in aggregated extraction with M U LT IR. Figure 3 shows the precision-recall (PR) curves of the aggregated extraction. In it, Sub topk {k ∈ 1, 2, 3} means using the substitution method (Section 3.3) with top k fine-grained entities types returned by the type classifier in Section 3.2. Correspondingly, Aug topk is for the augment method and Select topk is for the selection method. Figure 3 (a) shows that Sub top3 outperforms the other two settings of k in the substitution method, it seems that more fine-grained types produce better curves. In Figure 3(b) , Aug top1 and Aug top2 achieve similar performances. However, when adding one more type with k = 3, we obtain a lower curve, which contradicts the trend showed in the curves of the substitution method (Figure 3(a) ). Figure 3(c) shows the PR curves of three selection methods, Select top1 has a better performance at the beginning. Then Select top2 exceeds it a bit consistently.
Aggregated Extraction
In Figure 3(d) , we demonstrate the comparison of best tuned methods above with previous work. They are Sub top3, Aug top1 and Select top2. From Figure 3(d) , it shows that, among the three of our methods, Aug top1 achieves better precisions along the PR curves, and Select top2 reaches the best recall at the highest recall point. Comparing to other methods, the PR curve of Aug top1 reaches a higher recall with 29.3% at the highest recall point than MULTIR (24.5%). Select top2 achieves 29.3% at the highest recall point, best among all methods. And by integrating the fine-grained entity type constraints, they improve the PR curve of MULTIR with a more smoother curve without most of the depressions seen in MULTIR. As stated in (Hoffmann et al., 2011) , the smoother curve indicated a more stable model. Figure 4 shows the precision-recall (PR) curves of the sentential extraction. In the evaluation, we compare the three best integration methods tuned in aggregated extraction with original MULTIR. Among our three method, Aug top1 outperforms in precision and achieves a better curve in general among the three methods, however, Select top2 gains a better recall at the end. Sub top3 has the worst recall. In general, our methods have much better precisions than MULTIR. Aug top1 and Select top2 achieve better curves than MULTIR. Since the evaluation of sentential extraction is a good approximation of precision, it implies that the proposed methods are effective.
Sentential Extraction
Analysis
On one hand, among the three proposed integration methods, generally, the augment method and selection method get better performance. The reason is that substitution method uses predicted fine-grained entity types to replace the old coarse features in the conjunction features completely, and the conjunction features are sensitive to entity types for different entity types indicate different conjunction features, as a result, if we can not promise a good accuracy in the type classification which is hard to achieve in classifying hundreds of fine-grained types, the performance will be badly influenced. Different from the substitution method, augment method and selection method keep the old features with coarse features, they use the features with fine-grained entity type constraints as extra information to help the extraction and achieve better results.
On the other hand, comparing to other methods, by integration the exploited fine-grained entity type constraints, our methods achieve improvements in both aggregated and sentential extraction. It proves that the fine-grained entity type constraints we exploit are effective, and our proposed integration methods succeed in integrating the constraints into the extracting model. Our augment method outperforms MULTIR in precision along the PR curves in sentential extraction and improve it performance with a more smoother PR curve in aggregated extraction, which indicates a more stable model. Moreover, the method gets a better recall. And our selection method consistently outperforms MULTIR in sentential k=1 k=2 k=3 Recall@k 0.596 0.740 0.806 Table 2 : Evaluation of the fine-grained type classifier.
extraction. In aggregated extraction, it also achieves a smoother curve and an impressive promotion at the highest recall point. Since the evaluation of aggregated extraction only considers the facts existing in Freebase which may incorrectly label the right extracting results and underestimate the true precision, and based on its better performance of precision in sentential extraction, we consider it is a more promising method. This paper only employs very naive method to select the non-informative features by its length (Section 3.3.3), a more effective selecting method may lead further improvements.
Performance of Entity Type Classifier
We evaluate the performance of the fine-grained entity type classifier (Section 3.2). In section 3.2, we sample the training examples from a collection of Wikipeida articles mapped with the fine-grained types. To generate test entity mentions, we first remove the sampled training articles from the collection, and then sample the articles from it, where the titles of sampled articles are used as the test entity mentions (we sample 12,000 test entity mentions) and their mapped fine-grained types are used as benchmark. After that, the predicting method in Section 3.2.2 is used to expand mentions and predict the types of each test entity mention. After predicting, we obtain a ranked list of types for each test entity mention.
To evaluate, we define a notation of Hit@k, which equals 1 if the true type of an entity mention is hit in the top k predicted types, otherwise equals 0. And then we evaluate it by the Recall@k defined bellow.
In equation (1), i means the ith test entity mention. Table 2 shows the results for the top 3 predicted types.
Related Work
Distant supervision (also known as weak supervision or self supervision) is used to a broad class of methods in information extraction which aims to automatically generate labeled data by aligning with data in knowledge bases. It is introduced by Craven and Kumlien (Craven et al., 1999) who used the Yeast Protein Database to generate labeled data and trained a naive-Bayes extractor. Bellare and McCallum (Bellare and McCallum, 2007) used BibTex records as the source of distant supervision. The KYLIN system in (Wu and Weld, 2007) used article titles and infoboxes of Wikipedia to label sentences and trained a CRF extractor aiming to generate infoboxes automatically. The Open IE systems TEXTRUN-NER (Yates et al., 2007) and WOE (Wu and Weld, 2010) trained their extractors with the automatic labeled data from Penn Treebank and Wikipedia infoboxes respectively.
Mintz (Mintz et al., 2009 ) first introduced their work that performed distant supervision for relation extraction. It used Freebase as the knowledge base to align sentences in Wikipedia as training data and trained a logistic regression classifier to extract relations between entities.Distant supervision supplied a method to generate training data automatically, however it also bring the problem of noisy labeling. After their work, a variety of methods focused to solve this problem. Riedel (Riedel et al., 2010) proposed a multi-instance model to model the false positive noise in training data with the assumption that at least one of the labeled sentences truly expressed their relation. After their work, Hoffmann (Hoffmann et al., 2011) and Surdeanu (Surdeanu et al., 2012) tried to not only model the noisy training data, but also overcame the problem of multi-label where two entities may exist more than one relation, they proposed graphic models as kinds of multi-instance multi-label learning methods and made improvements over previous work. The at-least-one assumption would fail when encountering entity pairs with only one aligned sentence. Takamatsu (Takamatsu et al., 2012) employed an alternative approach without the mentioned assumptions. Their work predicted negative patterns using a generative model and remove labeled data containing negative patterns to reducing noise in labeled data.
Besides the problem of false positive training examples caused by distant supervision. There were a bunch of researches trying to solve the problem of false negative training examples caused by incomplete knowledge bases. Zhang (Zhang et al., 2013) made heuristic rules to filter the false negative training examples. And Xu (Xu et al., 2013) tried to overcom this problem by pseudo-relevance feedback. Min (Min et al., 2013) improved MIML in (Surdeanu et al., 2012) by adding a new layer in their 3-layer graphic model to model the incomplete knowledge base. Ritter (Ritter and Etzioni, 2013) employed similar intuition with (Xu et al., 2013 ) that they thought rear entities missing in the database would be often mentioned in the text. They proposed a latent-variable approach to model it and showed its improvement over aggregate and sentential extraction.
Conclusion
In this paper, we propose a novel approach to explore the fine-grained entity type constraints for distantly supervised relation extraction. We leverage Web knowledge to automatically train a fine-grained entity type classifier and predict entity types of each entity mention. And we study a series of methods to integrate the type constraints with a relation extraction model. At last, thorough experiments are conducted. The experimental results imply our methods are effective with better precision/recall curves in sentential extraction and smoother precision/recall curves in aggregated extraction, which indicate more stable models.
In the future we hope to explore more details of integration methods that integrates fine-grained entity type constraints with relation extraction models, especially the selection integration method. We consider that a more effective method to distinguish between the informative and non-informative features will lead more improvements.
